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(57) ABSTRACT

The present invention relates to a method for nonlinear clas-
sification of high dimensional data by means of boosting,
whereby a target class with significant intra-class variation is
classified against a large background class, where the boost-
ing algorithm produces a strong classifier, the strong classifier
being a linear combination of weak classifiers. The present
invention specifically teaches that weak classifiers classifiers
h,, h,, that individually more often than not generate a posi-
tive on instances within the target class and a negative on
instances outside of the target class, but that never generate a
positive simultaneously on one and the same target instance,
are categorized as a group of anti-correlated classifiers, and
that the occurrence of anti-correlated classifiers from the
same group will generate a negative.

19 Claims, 1 Drawing Sheet
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1
NONLINEAR CLASSIFICATION OF DATA

TECHNICAL FIELD

The present invention relates to a method for nonlinear
classification of high dimensional data by means of boosting,
whereby a target class with significant intra-class variation is
classified against a large background class, where the boost-
ing algorithm produces a strong classifier, the strong classifier
being a linear combination of weak classifiers. The present
invention also relates to a system and a computer program
product adapted to function according to the inventive
method.

BACKGROUND ART

Nonlinear classification of high dimensional data is a chal-
lenging problem. While designing such a classifier is difficult,
boosting learning methods provide an effective stage-wise
approach. It is known that if weak classifiers can perform
better than chance on every distribution over the training set,
AdaBoost can provably achieve arbitrarily good generaliza-
tion bound, as can be seen in the publication “A decision-
theoretic generalization of on-line learning and an application
to boosting” by Y. Freund and R. E. Schapire found in Journal
of Computer and System Sciences, 55:119 139, 1997.
The publication “Robust real-time object detection” by P.
Viola and M. Jones found in International Journal of Com-
puter Vision, 2002 is a very demonstrating paper in applica-
tions of AdaBoost for detection discriminancy.
However, despite the great success that AdaBoost and its
descendant algorithms has seen in both theory and applica-
tion, using AdaBoost to classify a target class with significant
intra-class variation against a large background class remains
avery challenging problem. For example, if viewpoint varia-
tion is introduced into the problem of face detection, known
methods can no longer be used out of the box. AdaBoost will
learn a linear combination of weak classifiers that are com-
mon on the target class, resulting in a model that gets increas-
ingly “blurry” with more intra-class variation. The problem is
that eventually combinations of weak classifiers that never
occurtogether on any example of the target class will generate
false positives. For example, two different weak classifiers
representing pairs of eyes in different locations will result in
the situation where having two pairs of eyes gives higher face
score than having only one pair of eyes.
There are of course many ways of dealing with intra-class
variation. Some examples include the following three strate-
gies:
training separate detectors for different subsets of the target
class or training detector pyramids, as described in pub-
lication “Floatboost learning and statistical face detec-
tion” by S. Z. Li and Z. Zhang found in IEEE Transac-
tions on Pattern Analysis and Machine Intelligence,
26:1112 1123, 2004,

constructing image features that better separate the target
class from the back ground, as described in publication
“Improving object detection with boosted histograms”
by I. Laptev found in Image and Vision Computing,
27:535-544, 2009, and

improving the weak classifiers, e.g. using decision trees
instead of stumps or selecting better thresholds as
described in publication “Response binning: Improved
weak classifiers for boosting” by B. Rasolzadeh, L.
Petersson, and N. Pettersson found in IEEE Intelligent
Vehicles Symposium, 2006.
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2
SUMMARY OF THE PRESENT INVENTION

With the purpose of solving above problems, and on the
basis of prior art such as it has been shown above and the
indicated technical field, the present invention propose a way
of directly addressing this problem within the AdaBoost
framework.

The proposed solution is named gated classifiers, where the
main idea, if used with AdaBoost, is that after a number of
rounds of AdaBoost training, when there is a “blurry” model
of'the target class, it would be instrumental to make available
to the learner a derived family of weak classifiers that are able
to suppress such combinations of already learnt weak classi-
fiers that cause false positives. Gated classifiers can be built
by combining sets of already learnt weak classifiers using
networks of logic gates and can be regarded as a singular
(primitive) weak classifier within the boosting framework.
Thus the conditions of the AdaBoost convergence proof, as
described by Freund et al, are not violated.

From the standpoint of the technical field as defined above,
the present invention more specifically teach that weak clas-
sifiers that individually more often than not generate a posi-
tive on instances within the target class and a negative on
instances outside of the target class, but that never generate a
positive simultaneously on one and the same target instance,
are categorized as a group of anti-correlated classifiers, and
that the occurrence of anti-correlated classifiers from the
same group will generate a negative.

It is proposed that a negative is generated if two anti-
correlated classifiers occur for the same object.

Iffor instance the weak classifiers h; andh, are categorized
as anti-correlated classifiers, then it is proposed that a new
gated classifier h; is a so called paired gated classifier, where
hy (%)= (h, (x) Aby(x)).

A negative is generated if any subset of anti-correlated
classifiers occurs for the same object.

According to one proposed embodiment it is proposed that
the weak classifiers h;, to h,, are categorized as anti-corre-
lated classifiers, and that a new gated classifier h,,, s a s0
called NAND-classifier, where

s T G AR AY I ¢5)

and wherej,, . ..
of' boosting.
According to another proposed embodiment of the present
invention it is proposed that the weak classifiers h;, to h,, are
categorized as anti-correlated classifiers, and that a new gated
classifier hyx is a so called XOR-classifier, where

,i€11, ..., t=1} and t is the current round

Paor(®)= TN L Ny, )

NV . Vi)

and wherej,, . ..,j,€{l,..., t-1} and tis the current round
of' boosting.

Itis also proposed that two trivial classifiers, here called the
tautology classifier h,(x)=1 and the falsum classifier h,(x)=0,
are defined, where these two trivial classifiers can be used in
a training phase, and that if the weight distribution gets too
uneven toward either positive of negative objects, one of these
classifiers will get selected and then objects will get
reweighted so that unevenness is reduced. These trivial clas-
sifiers do not have to be saved during training.

It is proposed that separate detectors are trained for differ-
ent subsets of the target class, and that the training of detector
pyramids is possible.
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The inventive method can be used for different kind of data.
One proposed embodiment is to use the method for image
detection, in which case the construction of image features
that gives a good separation of said target class from the
background is proposed.

The present invention can be used in combination with
other methods in order to improve the weak classifiers, such
as the use of decision trees or the selection of better thresh-
olds.

It is proposed that the inventive method is used together
with AdaBoost.

The present invention also relates to a system for nonlinear
classification of high dimensional data by means of boosting,
the system being adapted to classify a target class with sig-
nificant intra-class variation against a large background class,
where the system comprises a processor adapted to use a
boosting algorithm to produce a strong classifier where the
strong classifier is a linear combination of weak classifiers.

The present invention specifically teaches that the system
is adapted to perform the inventive method.

It is proposed that the system comprises a hardware
adapted to manage the anti-correlated classifiers according to
the inventive method. This hardware can for instance be, or
comprise, one or several field programmable gate arrays.

An inventive system can be used in different implementa-
tions, and one proposed embodiment teaches that the system
is a part of a camera or other ubiquitous equipment.

The present invention also relates to a computer program
product comprising computer program code which, when
executed by a computer, will enable the computer to perform
the inventive method.

ADVANTAGES

The advantages that foremost may be associated with gated
classifiers according to the present invention are that gated
classifiers are easy to implement and will only require small
changes to any existing AdaBoost code. Gated classifiers
increase the ability of the strong classifier to handle intra-
class variation while keeping it compact and efficient and
with a minimal increase in the risk of over-fitting.

Gated classifiers can be used together with any of the three
strategies for dealing with intra-class variation mentioned in
the background art.

The inventive method reduces the required number of weak
classifiers by almost an order of magnitude, which in turn
yields faster detectors. Gated classifiers enable more complex
distributions to be represented and they will extend the use-
fulness of boosted classifier cascades.

BRIEF DESCRIPTION OF THE DRAWINGS

A method, a system and a computer program product
according to the present invention will now be described in
detail with reference to the accompanying drawings, in
which:

FIG. 1 shows schematically a two dimensional representa-
tion of a number of training examples and a pool of two weak
classifiers,

FIG. 2 shows schematically a two dimensional representa-
tion illustrating an incremental extension of a NAND-classi-
fier, and

FIG. 3 shows a schematic and simplified illustration of a
gated classifier constructed using at least one other gated
classifier, and

FIG. 4 shows a schematic and very simplified system
according to the present invention.
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4
DETAILED DESCRIPTION OF PREFERRED
EMBODIMENTS

In order to define the basic notation of the present invention
the AdaBoost algorithm will be described, closely following
Freund et al. The input to the learner is a set of training
examples {(x,, y,)liel}, where x,ey is a feature vector and
y,€y={0,1} is the corresponding label. The algorithm main-
tains an importance distribution over the training examples
and D,(i) denotes the weight on the ith example at round t.

The classification function of the strong classifier,
Hx)=2,_,“ah,(x), is a linear combination of the classifica-
tion functions of the weak classifiers. The classification func-
tion is thresholded to determine class membership.

The AdaBoost algorithm is as follows:

Require: {(x;, y,)li €1},T
Initialize D, (i) = 1/11l
fort=1to T do
Train h, : ¢ — y using distribution D,

Choose o € R

D,,, < update weight distribution
end for
return {Qy, ... , az}, {hy, ..., hy}

The goal of the weak classifier h, is to minimize the
weighted classification error, €,

2

i€l (x)#y;)

€ = Pip, (h,(x;) # i) = Di(i)

In practice this typically boils down to: (1) defining a large
pool of candidate classifiers, (2) evaluating €, for each candi-
date classifier in the pool and (3) selecting the one that yields
the smallest error.

Candidate classifiers are typically “simple”, i.e. they are
defined by very few parameters and have very limited repre-
sentational flexibility. This decreases the risk of over-fitting.
A common choice of classifier is the decision stump, a deci-
sion tree with unit depth.

The strong classifier captures first-order statistics of weak
classifier responses. In cases where the target class exhibits
significant intra-class variation and the background class
“interferes” with the target class in the relevant feature space,
first-order statistics may not be sufficient to separate the target
class from the background. In the following an example of
this will be given and a simple solution suggested.

An example will now be used to illustrate why first-order
weak classifier occurrence statistics may not be sufficient to
capture target classes with significant intraclass variation.

FIG. 1 illustrates a number of training examples repre-
sented in a two dimensional feature space. The figure illus-
trates a pool of two weak classifiers, h, and h,, each having a
region in feature space which it classifies as positive. It can be
seen that there is no way to linearly combine h, and h, so that
the negative examples within the thick-lined frame 1 in the
center and the positive examples get correctly classified.
However, h, and h, are strongly correlated on the negative
examples, while being anti-correlated on the positive
examples.

It is thus proposed by the present invention that weak
classifiers that individually more often than not generate a
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positive on instances within the target class and a negative on
instances outside of the target class, but that never generate a
positive simultaneously on one and the same target instance,
are categorized as a group of anti-correlated classifiers, and
that the occurrence of anti-correlated classifiers from the
same group will generate a negative.

A negative is generated if two anti-correlated classifiers
occur for the same object.

According to one embodiment, taking the example above
into consideration it is proposed that the weak classifiers h,
and h, are categorized as anti-correlated classifiers, and that a
new gated classifier h; is a so called paired gated classifier,
where h;(x) 7=(h, (x) Ah,(X)), and where h, captures second-
order weak classifier occurrence statistics.

This type of situation arises whenever two weak classifiers
are likely to occur on an object of the target class but never
occur together. Some examples include: (1) the arm of a
pedestrian may be raised or lowered but not both at the same
time, (2) the handle of a mug may be round or square but not
both and (3) a face may be brighter or darker than the back-
ground but not both.

It does not necessarily have to be two anti-correlated clas-
sifiers that occur at the same object, it should be understood
that a negative is generated if any subset of anti-correlated
classifiers occur for the same object.

Three different types of gated classifiers will now be
defined, however, it should be understood that other types of
gated classifiers can be defined similarly and that networks of
gated classifiers can easily be constructed.

A first type of gated classifier is the NAND-classifier,
hivp, Where the weak classifiers hy, to h,, are categorized as
anti-correlated classifiers, where

Fpanp®)= T N L Ny, )

and wherej,, . ..
of boosting.

A second kind of gated classifier is the XOR-classifier,
hyor, where the weak classifiers hy, to h;, are categorized as
anti-correlated classifiers, where

,i€11, ..., t=1} and t is the current round

Pror@)= " @A L A, a)

AV .. Vi, &)

and wherej,,...,j€{l,...,t-1} and tis the current round
of boosting.

A third kind of gated classifier are two trivial classifiers,
here called the tautology classifier h(x)=1 and the falsum
classifier hy(x)=0. While these classifiers do not affect the
contrast between the values of the classification function for
positive and negative examples, they do play a role in the
training phase. If the weight distribution gets too uneven
toward either positive of negative examples, one of these
classifiers will get selected and then examples will get
reweighted so that unevenness is reduced. The classifier is not
saved during training since it does not affect the classification
performance.

The method for learning a NAND or XOR-classifier will
now be described. These classifiers are constructed by com-
bining a subset of the weak classifiers that were already
selected, i.e. at round t of boosting there are t—1 weak classi-
fiers to select from.

The most direct approach to selecting the optimal classifier
would beto evaluate all possible such classifiers and select the
best one. However, there are 2°' —(t-1)-1=2"'—t possibilities,
which is all subsets of cardinality =2 of previously learnt
weak classifiers. So exhaustive enumeration will in general be
impossible. A reasonable strategy is to enumerate all small
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6

gated classifiers, i.e. enumerate all subsets containing =n
weak classifiers, where n is chosen so that exhaustive enu-
meration is possible.

It is also possible to incrementally extend a given NAND-
or XOR-classifier. In the following a NAND-classifier will be
used as an example, where it should be understood that the
XOR-classifier case is analogous.

In FIG. 2 the region within the thick-lined frame, 2a, 26, is
classified as negative. With reference to FIG. 2, make the
assumption that we have classifier h ,(x)=7(h; Ah,), whichin
a general method would be h,(x)=71(h;, A ... Ah,), and let
1,7={iellh,(x,)=0} be the set of all training examples that are
classified as negative by h,,. Again with reference to FI1G. 2, let
h,(x)="(h,; Ah,Ah,), which in the general method would be
h,(x)=7(h, A ... A, Ah, ), be the classifier we get by
appending h,,,,, to h,, and let I,"={iellh,(x,)=0} be the set of
all training examples that are classified as negative by h,.
Obviously I, 1. It is now possible to define the set of training
examples that were classified as negative by h, but are clas-
sified as positive by h,: AT*=I,\I,"={iel,"h,, ., (x,)=0}. All
positive examples in this set will now get correctly classified
while the negative examples will get incorrectly classified.
The classification error thus changes as follows:

Ae=x {i\xiEAﬁyIZO}Dt(i)_E{i\xiswyil }D,(i)

It is now possible to define a simple greedy method for
learning large NAND- and XOR-classifiers. The first step of
that method is to exhaustively enumerate all small NAND and
XOR-classifiers, evaluate the classification error of each and
select the best. The second step is to loop through all weak
classifiers not already used and append the one that yields the
smallest Ae. The third step is to continue appending more
weak classifiers greedily as long as the best Ae is negative. At
each step, only the new classifier on the examples that were
classified as negative by the previous classifier needs to be
evaluated. The size of this set will be monotonically decreas-
ing.

Below the whole AdaBoost algorithm including gated clas-
sifiers is described, to be compared to the previously
described AdaBoost algorithm. The greedy weak learner will
add a complexity term of O(t™) at round t of boosting, where
N is the maximum size of the NAND or XOR classifier.
Typically N=2 or N=3. At test time the input to the gated
classifier will be the outputs of other weak classifiers that
have already been evaluated, meaning that the only compu-
tation required to evaluate the gated classifier is the NAND or
XOR operation itself.

The AdaBoost algorithm including gated classifiers is as
follows:

Require: {(x;y;)li €1},T
Initialize D, (i) = /11|
fort=1to T do
Train h, : ¢ — y using distribution D,
Train b = ey, by iy =y
where I, =, .. t-1
Train hyop (x) = _‘/\iEIZ by /\ViEII by —=y
where I, < {1,...,t-1}
h* < the best of h,h,hy, hynp and hyop

Choose o € R

D,, | < update weight distribution
end for
return {ay, ... , a7}, {hy*, ..., h*}

The learning algorithm may generate gated classifiers con-
sisting of more than one gate. This happens when a gated
classifier is constructed using at least one other gated classi-
fier, which is illustrated in FIG. 3.
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Here it can be seen that when boosting with gated classi-
fiers, increasingly complex gate networks may be con-
structed. In this example h,, h, and h, are basic weak classi-
fiers, while h, and h,, are gated classifiers, whereh, uses h, as
an input and is thus a compound gated classifier.

The final classification function in this example is:

Hx)=0 by (40 ho(x)+0y R, (0)+ 0y R (0)+
a,h(X)+ .
where h (x)=h, (x)Ph,(x) and h,(x)=" (b, (X) Ah,;(x)).

It should be understood that the present invention can be
used in the training of separate detectors for different subsets
of the target class or in the training of detector pyramids.

The inventive method can be used for different purposes;
one example is image detection where the construction of
image features that gives a good separation of the target class
from the background is proposed.

The invention can be used in combination with the use of
decision trees for the improvement of the weak classifiers or
in combination with the selection of better thresholds for the
improvement of the weak classifiers.

The present invention also relates to a system 4 for nonlin-
ear classification of high dimensional data by means of boost-
ing, which system is adapted to classify a target class with
significant intra-class variation against a large background
class, the system comprising a processor 41 adapted to use a
boosting algorithm to produce a strong classifier where the
strong classifier is a linear combination of weak classifiers.
The present invention teaches that the system 4 is adapted to
perform parts of or all of the inventive method as described
above.

The inventive system 4 may comprise a hardware 42
adapted to manage the anti-correlated classifiers according
the inventive method. Such hardware comprises one or sev-
eral field programmable gate arrays 43, FPGAs.

A system according to the present invention can be a part of
many different appliances, for instance, it can be a part of a
camera or other ubiquitous equipment.

The present invention also relates to a computer program
product 44 comprising computer program code 44' which,
when executed by a computer 45, will enable the computer to
perform parts of, or all of, the inventive method.

It will be understood that the invention is not restricted to
the aforedescribed and illustrated exemplifying embodiments
thereof and that modifications can be made within the scope
of the invention as defined by the accompanying Claims.

The invention claimed is:

1. Method for nonlinear classification of high dimensional
data by means of boosting, whereby a target class with sig-
nificant intra-class variation is classified against a large back-
ground class, where the boosting algorithm produces a strong
classifier, said strong classifier being a linear combination of
weak classifiers,

wherein weak classifiers that individually more often than

not generate a positive on instances within said target
class and a negative on instances outside of said target
class, but that never generate a positive simultaneously
on one and the same target instance, are categorized as a
group of anti-correlated classifiers, and

wherein the occurrence of anti-correlated classifiers from

the same group will generate a negative.

2. Method according to claim 1, wherein a negative is
generated if two anti-correlated classifiers occur for the same
object.

3. Method according to claim 2, wherein weak classifiers
h, and h, are categorized as anti-correlated classifiers, and

10

15

20

25

30

35

40

45

50

55

60

8

wherein a new gated classifier h; is a so called paired gated
classifier, where h;(x)="(h,(x)Ah, (x)).

4. Method according to claim 1, wherein a negative is
generated if any subset of anti-correlated classifiers occur for
the same object.

5. Method according to claim 4, wherein weak classifiers
Ly, to h, are categorized as anti-correlated classifiers, and
wherein a new gated classifier h,,,p is a so called NAND-
classifier, where

Inanp®)= "N - Ay @)
and where j,, . ..
of' boosting.

6. Method according to claim 4, wherein weak classifiers
Ly, to h, are categorized as anti-correlated classifiers, and
wherein a new gated classifier hy,; is a so called XOR-
classifier, where

Fxor@)= " @A L N ) A
Fa@V . Vi)

,in€11, ..., t=1} and t is the current round

and wherej,,...,j€{l,..., t-1} and tis the current round
of' boosting.

7. Method according to claim 1, wherein two trivial clas-
sifiers, here called the tautology classifier h{x)=1 and the
falsum classifier h,(x)=0, are defined, wherein said two trivial
classifiers are used in a training phase, and wherein if the
weight distribution gets too uneven toward either positive of
negative objects, one of these classifiers will get selected and
then objects will get reweighted so that unevenness is
reduced.

8. Method according to claim 7, wherein said trivial clas-
sifiers are not saved during training.

9. Method according to claim 1, wherein separate detectors
are trained for different subsets of said target class.

10. Method according to claim 9, comprising the training
of detector pyramids.

11. Method according to claim 1, where said method is
used for image detection, wherein the construction of image
features gives a separation of said target class from the back-
ground.

12. Method according to claim 1, comprising use of deci-
sion trees for the improvement of said weak classifiers.

13. Method according to claim 12, comprising selection of
thresholds for the improvement of said weak classifiers.

14. Method according to claim 1, wherein said method is
used together with AdaBoost.

15. System for nonlinear classification of high dimensional
data by means of boosting, said system being adapted to
classify a target class with significant intra-class variation
against a large background class, said system comprising a
processor adapted to use a boosting algorithm to produce a
strong classifier where said strong classifier is a linear com-
bination of weak classifiers, wherein said system is adapted to
perform the method of claim 1.

16. System according to claim 15, wherein said system
comprises a hardware adapted to manage said anti-correlated
classifiers according to claim 1.

17. System according to claim 16, wherein said hardware
comprises one or several field programmable gate arrays.

18. System according to claim 15, wherein said system is a
part of a camera or other ubiquitous equipment.

19. Non-transitory computer readable medium, compris-
ing computer program code which, when executed by a com-
puter, will enable said computer to perform the method of
claim 1.



